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Abstract
Specific improvements of perceptual capabilities with practise are thought to give some clues about cortical plasticity and the
localisation of cortical processing. In the present study, perceptual learning is used as a paradigm to separate mechanisms
underlying the perception of different classes of motion stimuli. Primary motion stimuli (F-motion). are characterised by
displacements of the luminance distribution. However, for secondary motion stimuli the movement is not accompanied by a
corresponding luminance shift. Instead, moving objects are defined by their temporal frequency composition (m-motion) or by
motion itself (u-motion). On theoretical grounds, the perception of secondary motion requires a higher degree of nonlinearity in
the processing stream than the perception of primary motion but debate continues as to whether there might be a unique
mechanism underlying the perception of both motion classes. In a large group of subjects, coherence thresholds for direction
discrimination in random dot kinematograms of F-, m-, and u-motion were repeatedly measured in a staircase paradigm. Training
effects were found on different timescales, within short sessions containing multiple staircases and over training periods of several
months. They were fairly stable over long breaks without testing. When subjects were trained with two different motion stimuli
in a sequence, an asymmetry in the transfer of perceptual learning was revealed: sensitivity increases achieved during practise of
u-motion are largely transferred to F-motion, but u-motion perception does not profit from prior exposure to F-motion. This
finding supports the view derived from modelling of motion processing that there must be at least partially separate systems. A
primary motion detection mechanism falls short of discriminating direction in secondary motion stimuli, whereas a mechanism
able to extract secondary motion will be inherently sensitive to primary motion. © 1999 Elsevier Science Ltd. All rights reserved.
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1. Introduction
It is often assumed that in the adult brain the first steps
of visual information processing, ‘early vision’, rely on
fixed connections between the underlying neurones and
that this ‘hard-wired’ connectivity remains largely unal-
tered once it is established during development in the first
years of life. Psychophysicists know, however, that the
ability to perform simple perceptual tasks improves
considerably with practise. This improvement is not just
a consequence of getting acquainted with an experimen-
tal setting in a general sense, nor does it result from a
slow understanding of the task. Rather, it seems to reflect
a specific improvement of the underlying processing
mechanisms. During the last years, this phenomenon of
‘perceptual learning’ has attracted considerable interest.
Whereas training effects were originally investigated
quantitatively for stereo, orientation, and motion per-
ception (Ramachandran & Braddick, 1973; Fiorentini &
Berardi, 1980; Ball & Sekuler, 1982), we now know about
the strong influence of perceptual learning for a number
of other visual tasks, such as texture discrimination
(Karni & Sagi, 1991), seeing form from motion
(Vidyasagar & Stuart, 1993) and Vernier Acuity (Poggio,
Fahle & Edelman, 1992; Fahle & Edelman, 1993).
Perceptual learning has serious implications for the
experimental designs necessary to achieve stable results,
and it offers the opportunity to test learning algorithms
in a quantitative manner (Fahle, Edelman & Poggio,
1995; Vaina, Sundareswaran & Harris, 1995).
A prominent aspect of perceptual learning is that at
least in some cases, the possibility of examining plasticity
in early levels of neuronal processing arises because of
the demonstrated specificity of learning to stimulus
properties like position, size and orientation (Ahissar &
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Hochstein, 1995). In very general terms, these proper-
ties of perceptual learning can be interpreted as a
sharpening of the tuning characteristics of a given
neuronal mechanism to a certain task. Going beyond
such a general interpretation, a number of computa-
tional models have been proposed that account for the
specific properties of perceptual learning in some detail
(Poggio et al., 1992; Vaina et al., 1995; Sundareswaran
& Vaina, 1996; Herzog & Fahle, 1998). Apart from
these hints pointing to the early visual system as a site
of some plasticity, there are indications of attentional
effects playing a role (Ahissar & Hochstein, 1995; Sow-
den, Davies, Rose & Kaye, 1996). Such an involvement
of higher processing is further highlighted by evidence
that the learning of ‘easy’ tasks can be faster and less
specific than that of ‘difficult’ tasks. Learning in the
former case can be attributed to higher cortical levels
that are understood to direct the low-level operators to
solve the harder tasks (Ahissar & Hochstein, 1997). The
interpretation of perceptual learning as the sharpening
of the tuning characteristics of isolated mechanisms
affords the opportunity of testing models for the pro-
cessing underlying visual perception and relating per-
ceptual phenomena and their plasticity directly to the
neuronal substrate, possibly down to the properties of
single cells. The restructuring of receptive fields (Xing &
Gerstein, 1994) as it is observed in connection with
artificial scotomas (Kaas, Krubitzer, Chino, Langston,
Polley & Blair, 1990; Chino, Kaas, Smith, Langston &
Cheng, 1992; Gilbert & Wiesel, 1992), may indeed be
connected to plasticity as it is experienced on the per-
ceptual level (Ramachandran & Gregory, 1991; Spill-
mann & Kurtenbach, 1992; Kapadia, Gilbert &
Westheimer, 1994).
One of the characteristic features of perceptual learn-
ing is its specificity. For example, when a subject has
extensive practise of a typical task in one eye, or even
within a restricted region visual field, performance im-
provements often do not transfer, or transfer only
partially, to other regions of the visual field or to the
other eye (Karni & Sagi, 1991; Fahle et al., 1995). In
the case of motion perception, the increase of sensitivity
for one direction of motion produced by extensive
training does not transfer to other motion directions
(Ball & Sekuler, 1987). Therefore, one feels encouraged
to believe that the unique specificity found in many
cases of perceptual learning reflects the plasticity of
discrete neuronal mechanisms, and that an attempt to
study it in its psychophysical and neurophysiological
context is possible. Changes in sensitivity are specific
and local and thus may be traced down to circum-
scribed locations in the visual stream, eventually isolat-
ing the neuronal circuits underlying a given visual
processing task. To this end, the specificity of percep-
tual learning is used in the present study to ask whether
separate neuronal systems are responsible for the per-
ception of various classes of motion stimuli.
A classical motion display, later referred to as ‘F-mo-
tion’, was used here as most simple stimulus in the
experiments presented her. To generate F-motion in an
RDK, a group of dots was displaced coherently in front
of a dynamic noise background, in which case the
luminance profiles (dots) move in the same direction as
the object. During the last decade evidence has accumu-
lated that humans are not only able to detect the
movement of contours which are directly defined by
luminance, called primary motion or Fourier motion.
Human observers can also perceive secondary motion
(Zanker, 1995b) in which moving contours are defined
by other features like changes in the local contrast,
texture, or flicker (Cavanagh & Mather, 1989). Such
stimuli are computationally demanding because the per-
ceived displacement does not correspond to the motion
energy. Some nonlinear pre-processing is required to
outline patterns which are not defined by luminance
before their displacement can be extracted. In contrast
to Fourier motion, for which linear pre-processing is
sufficient, such stimuli are also referred to as Non-
Fourier motion (Chubb & Sperling, 1988). In the first
case considered here, ‘drift-balanced’ or m-motion, all
local motion signals cancel each other in the spatial or
temporal average. For instance in a random dot kine-
matogram (RDK), a region of static dots can easily be
distinguished from a dynamic noise background in
which all dots are flickering randomly. When this object
region is shifted across the background a strong motion
percept is elicited (Lelkens & Koenderink, 1984; Chubb
& Sperling, 1989) although there is no coherent dis-
placement of the luminance contours. In the other case
of secondary motion considered here, dubbed ‘u-mo-
tion’ (Zanker, 1990a), the borders of a moving object
are defined by discontinuities of the motion signal, but
the direction of the object movement is independent of
the direction of motion that defines the object in the
first place. An example of u-motion is an object moving
vertically which can only be discriminated from the
dynamic noise background in an RDK because the dots
on its surface are moving horizontally. In this case of
u-motion, primary and secondary motion information
point in orthogonal directions. Nevertheless, human
subjects can clearly identify the direction of the object’s
motion (Zanker & Hu¨pgens, 1994). A hierarchical
model, consisting of a network of motion detectors
feeding into a second layer of motion detectors, has
been proposed to account for the direction discrimina-
tion of such motion-defined motion (Zanker, 1993,
1996).
The processing requirements differ significantly for
primary and secondary motion and a systematic in-
crease in the complexity of motion detector models can
easily account for the various percepts (Poggio & Re-
ichardt, 1980; Zanker, 1995b). However, it has been
debated whether all observations can be explained by a
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common mechanism, or whether, and to what extent,
separate mechanisms have to be assumed to process the
different classes of motion stimuli (Johnston, McOwan
& Buxton, 1992; Ledgeway & Smith, 1994; Johnston &
Clifford, 1995a,b). This question is addressed in the
study presented here by means of the perceptual learn-
ing paradigm, using the specificity of the tuning of
neuronal mechanisms through practise as a tool to
isolate mechanisms dedicated to distinct information
processing. If a common mechanism were to underlie
the perception of both motion classes, one would ex-
pect two results: (i) If the two stimulus classes are
matched in their ‘difficulty’, i.e. they provide the same
input strength to the processing mechanism, then the
time courses for their improvement with practise should
be identical. This equality can be achieved objectively
by presenting the different stimuli in the range of
detection thresholds for each of them. Under these
conditions, the common mechanism would not be able
to distinguish between the two and training effects
should be comparable. (ii) More critically, though,
because no restrictions arise from possible differences in
stimulus strength, training effects should transfer be-
tween primary and secondary motion stimuli. On the
other hand, the existence of completely separate mecha-
nisms to process the two motion classes would lead to
rather different predictions: (i) Performance may
change with different time courses for the different
stimulus classes. However, the observation of virtually
identical time courses could also be possible for sepa-
rate mechanisms, so a negative result would not be fully
conclusive. (ii) If completely separate mechanisms were
to process primary and secondary motion stimuli, train-
ing effects should not transfer between the two condi-
tions. The experiments described below were designed
to monitor the course of perceptual learning at two
time scales and to test the transfer of performance
changes between different stimulus conditions.
2. Materials and methods
Random dot kinematograms (RDKs) were displayed
on a computer monitor (Atari Mega ST4, SM 128).
Individual frames were generated beforehand and the
image sequences were copied from the memory to the
screen during the experiment. Each frame consisted of a
field of 256256 screen pixels, presented at the centre
of an otherwise blank screen. The pixels were randomly
set to black or white with 50% probability. It is impor-
tant to note that in such dense dot RDKs it is difficult
to segment the signal from the noise dots (which has
been used in a model of perceptual learning) (Vaina et
al., 1995) because they are not spatially separated. The
average luminance of the display was about 50 cd:m2
and the contrast was about 95%. At the viewing dis-
tance of 40 cm, the size of a single pixel was 2.72.7
min arc; that of the complete stimulus field was 11.6
11.6°. All dots in the background area were replaced at
random between frames which were presented at 20 ms
intervals (i.e. at a frame rate of 50 Hz). Within this
dynamic noise, an object of 6416 pixels, moving up
or down, was presented as a sequence of 12 frames (i.e.
lasting for 240 ms). Each motion sequence was pre-
ceded and followed by a 24 frame sequence of pure
dynamic noise. The object was displaced by two dots
between successive frames thereby corresponding to a
speed of 4.5 deg:s. Its initial position was randomised
within a range of 16 pixels so that the subjects could
not infer the motion direction from the position at
which the object appeared (or disappeared) in the ran-
dom noise. The moving object (see insets in Fig. 1) was
either defined as a region in which all dots move
coherently in the same direction as the object itself
(F-motion), or as a region in which all dots are static
(m-motion), or as a region in which all the dots move
coherently in an orthogonal direction to the object
(u-motion). Orthogonal direction was used, instead of
opposite motion as in the original theta motion stimu-
lus (Zanker, 1990b), so that the subject could not infer
the object motion direction from the direction of dot
motion. For this purpose, dot motion direction, right or
left, was selected at random for each stimulus sequence
when precalculating the RDK sets before the actual
experiment. The direction of object motion, up or
down, was set at random for each stimulus presentation
by reversing the order in which the frames of a se-
quence were displayed. Noise was added to these stim-
uli by randomly replacing a variable percentage of dots
within the motion region thereby changing the ratio
between correlated and uncorrelated moving dots (for
details, see Zanker, 1993).
A set of stimulus sequences was prepared before each
experiment wherein the superimposed noise varied be-
tween 0 and 100% in steps of 10%. The percentage of
noise was incremented in linear steps in order to
provide approximately equal differences in perceived
signal strength (Zanker, 1995a). Subjects had to decide
after each stimulus presentation whether they perceived
upward or downward object motion and they were
informed by an acoustic signal whether their decision
was correct, or not. Coherence thresholds for direction
discrimination were measured in a staircase procedure
in which three correct decisions were needed to increase
the amount of superimposed noise whereas noise was
decreased after each false decision (Rose, Teller &
Rendleman, 1970; Levitt, 1971). In order to make sure
that the stimulus was seen reliably, subjects began at a
starting level of 0% noise (i.e. the pure motion signal)
and needed six correct decisions in a row to proceed.
When they reached higher noise levels and made mis-
takes, the procedure guided them through sequences of
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Fig. 1. Sensitivity (given on the ordinate as percentage of noise allowing for 79% correct decisions in a direction discrimination task) of three
subjects (a, GS; b, MS; c, SC) for three different types of motion stimuli (F, m, u, see right-hand insets), estimated in a repetitive staircase
procedure (number of staircase given on the abscissa). The data points show the coherence thresholds derived from individual staircases, and the
lines indicate the running average over five data points (2, 3, 4 points at the beginning). Improvements of performance with practise vary between
stimuli, or subjects, in the overall amount and the rate of increase, as well as in the performance level which is finally achieved.
downward and upward steps oscillating around an
equilibrium level. The staircase was exited after four
tops (reversals in the staircase direction from going up
to going down) and the equilibrium level was calculated
as the average percentage of noise presented for all
decisions between the second and the fourth top (inclu-
sively). This value estimates the amount of noise dots
just tolerated by the subject while still correctly detect-
ing the direction of pattern motion in 79% of the
presentations. This level is defined as the coherence
threshold of direction discrimination. The coherence
threshold is given in the figures in percentage noise as a
measure of the sensitivity of the observers to a given
motion stimulus. The procedure of measuring coher-
ence thresholds with stimuli containing different
amounts of noise was adopted to monitor practise
effects, rather than simply counting the number of
correct decisions for a single stimulus, because pre-ex-
periments indicated that a large dynamic range might
be needed for the performance measure. The many
different noise levels (i.e. stimulus strengths) provided
by a staircase can accommodate a wide range of sensi-
tivities, unlike procedures using a constant noise level
and fixed stimulus strength, wherein performance can
easily reach saturation (approaching 100% correct deci-
sions) or show floor effects (pure chance level). Signal-
to-noise thresholds thus are adequate to monitor large
and continuing changes of sensitivity.
For the main experiments, 48 subjects were recruited
from colleagues and friends of the author. They were
between 13 and 56 years of age (average 32) and were
normal-sighted, or corrected to normal. They were
asked to watch the computer screen in normal reading
posture and, from normal reading distance with natural
pupils. Decisions were reported by pressing mouse but-
tons. The short presentation time and the fact that
stimuli were sometimes difficult to detect ensured that
subjects fixated and attended the centre of the screen
without any further external restrictions making the
experiment uncomfortable. With the exception of the
long-term experiment (see below), data were usually
collected for each subject within several self-paced ses-
sions—each containing a couple of staircase runs—on
a single day. The experiments were conducted in a
moderately dark room, free of external disturbances.
3. Results and discussion
In order to get a first general idea about the influence
of practise on the perception of RDKs, a number of
subjects were tested in pre-experiments with a series of
20 staircases using one of the three stimuli, followed by
a set of 20 double staircases measuring the sensitivity
for the other two types of stimuli (Zanker, 1995c). In
this paradigm it turned out that the interactions be-
tween the two stimulus types tested together in an
interleaved staircase procedure are difficult to discern
because subjects tended to adopt different strategies,
for example, concentrating on one of the two stimuli,
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alternating or improving for both stimuli. However, the
first part of these pre-experiments allowed some basic
observations that are illustrated by the three examples
shown in Fig. 1. In each panel, the motion sensitivity of
a single subject is shown for 20 successive staircases as
data points and the running average, over five measure-
ments, is drawn as a line. The results from the three
subjects refer to the three different stimuli, as indicated
by the insets. It can immediately be seen that in all
three cases sensitivity improves with practise but that
there are also considerable, irregular fluctuations be-
tween the trials and only the running average provides
a clear picture about training success. The overall levels
of the coherence thresholds vary considerably between
the three examples (note the different scales for a, b,
and c), as does the overall amount of improvement and
the time course of the performance increase. In order to
exclude the possible influence of prior experience with
artificial motion stimuli on the results, the different
stimuli had to be tested with different subjects who,
furthermore, had not previously seen such RDKs. In
this experimental design it could be possible that differ-
ent learning curves are resulting from stimulus specific-
ity or are due to inter-individual variations. The
pre-experiments revealed a large variability between the
subjects and large fluctuations of sensitivity within sub-
jects. Thus perceptual learning had to be tested for the
three different motion stimuli with a large number of
naive subjects.
Training effects, in terms of different overall amounts
and rates of sensitivity changes for the different stimuli
and with regard to transfer between the stimuli, were
thus investigated in a large number of naive subjects.
Many of these subjects were totally inexperienced in
psychophysical experiments and were not necessarily
careful and enduring observers. For instance, it turned
out to be a common problem that some subjects lost
concentration after initially showing strong increases of
performance. Therefore the data collected from this
sample show some scatter and, even after averaging
across a number of subjects, sometimes it is only possi-
ble to observe general trends. Six groups of eight sub-
jects were tested for the six different combinations of
the three different stimuli. After repetitively measuring
sensitivity in 20 staircases with one stimulus, each sub-
ject switched to one of the other two stimuli and
sensitivity was measured for another 20 staircases. The
sensitivities plotted in Fig. 2 show the average results
for 16 subjects in each curve of initial training, namely
for F-, m- and u-motion (Fig. 2a, c, e). On the right side
of the figure (Fig. 2b, d, f), the average results for eight
subjects are shown for training on the same stimulus
after having previously experienced a complete training
session with either of the other stimuli (indicated by
different symbols).
Repetitive experience of F-motion leads to a strong
and rapid improvement (Fig. 2a, b); sensitivity increases
by about 10% noise during the first four staircases,
consisting on average of 155 stimulus presentations (i.e.
39 stimuli per staircase, on average). Sensitivity in-
creased by another 5% noise during the next 16 stair-
cases, during which the subjects on average experienced
a further 660 stimulus presentations (41 stimuli per
staircase). The second set of 20 staircases (782 and 677
stimulus presentations for prior training with m- and
u-motion, respectively) leads to a further increase of
sensitivity by 5–10% but starting at a slightly lower
level when m-motion was trained in the first set (squares
in Fig. 2b) than when u-motion was trained in the first
set (triangles in Fig. 2b). In the latter case, the learning
curves look as if practise is taken up after u-motion
exposure at a very similar level to that produced by the
same amount of exposure to F-motion. This finding
suggests that the training effects achieved by experienc-
ing F- and u-motion, both of which contain local dot
motion, could be very similar to the sensitivity for
F-motion seen afterwards. On the other hand, after
being trained to m-motion, which does not contain local
dot motion, the subjects have to start at a level corre-
sponding to less experience with F-motion but above
the initial sensitivity level achieved without any prior
stimulation. This finding seems to indicate that the
effects of training on secondary motion stimuli may
transfer, to a limited degree, to the perception of pri-
mary motion but that the Fourier motion components
(local dot motion) contained in u-motion, in particular,
lead to an improvement of the sensitivity to primary
motion which contains similar Fourier motion compo-
nents. Note, however, that the direction of dot motion
differs between the two stimuli and that in many exper-
iments perceptual learning effects are shown to be
direction specific (e.g. Ball & Sekuler, 1987).
The results for stimulation with u-motion (Fig. 2e, f)
clearly show a much lower overall sensitivity combined
with a rapid improvement of about 10% over the first
ten staircases. After this, almost no further effect is
visible leading to an average sensitivity of about 25%
noise. When the subjects train with m-motion in the
first block of 20 staircases, performance appears to
improve further through the second block of 20 stair-
cases (from about 25% to slightly more than 30% noise,
squares in Fig. 2f). When the subjects practise F-mo-
tion before, they tend to start at about the same level
(below 20% noise) as if they had had no prior experi-
ence of such RDKs at all (circles in Fig. 2f), but learn
very rapidly and end up at similar noise levels as if they
had had practice before (around 30% noise). This result
suggests that perception of secondary motion can profit
from earlier experience of secondary motion but does
not, or at least not to the same extent, does it profit
from prior practise of primary motion detection.
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Fig. 2. Sensitivity of human observers, given by coherence thresholds (in percentage noise), to three different types of motion stimuli (F, m, u,
referred to by dots, squares, triangles), as estimated in a repetitive staircase procedure without (a, c, e; averages from n16) or with prior training
(b, d, f; averages from n8 subjects) to a different stimulus type (symbols here indicate the first training stimulus). Final performance level and
the amount of sensitivity increase due to training vary between stimuli; transfer between training effects for primary and secondary motion appears
not to be symmetrical.
For the perception of m-motion, the overall level of
performance seems to be intermediate (around 40%
noise after the initial two staircases). Again, a very slow
growth of sensitivity can be observed after a rapid
initial learning phase (Fig. 2c). During the second block
of staircases there seems to be a slight improvement if
the subjects have been exposed to u-motion before
(triangles in Fig. 2d). However, with prior experience of
F-motion, the learning curve seems to start close to the
initial level of 30% noise and only very slowly improves
(dots in Fig. 2d). So it looks, similar to the sensitivity to
u-motion, as if performance has already reached the
level to be expected for training with the same motion
stimulus, when in fact the other secondary motion
stimulus had been practised. However, no practise ef-
fects are transferred from the primary stimulus to the
secondary motion stimulus and the very slow improve-
ment after training with F-motion may even indicate
some sort of inhibition of flicker-defined motion per-
ception by learning of primary motion. However, such
an effect was not observed in the case of u-motion,
which may again indicate that the dot motion con-
tained in both F- and u-motion may help to switch
between specific types of primary and secondary
motion.
It is difficult to derive a clear conclusion about the
speed of training from the learning curves plotted in
Fig. 2 which, even for a large number of subjects
(n16 for the first 20 staircases), are rather irregular.
Therefore, for each individual, the ratio of the average
sensitivity for two consecutive staircases was calculated
across steps of four staircases (namely, for staircases 4
and 5 to 1 and 2, 7 and 8 to 4 and 5, and 7 and 8 to 1
and 2) to give some indication of learning amplitude
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Table 1
Test 7 and 8:4 and 5 Test 7 and 8:1 and 2Stimulus n Test 4 and 5:1 and 2
1.0790.20* 1.2890.37***F 16 1.1990.28***
1.0490.18 1.0590.12*F after m 8 1.0990.18**
1.0290.111.0090.11 1.0890.108F after u
16 1.5791.48* 0.9890.15 1.3790.69**m
0.9390.23 1.2090.46*m after F 8 1.0690.26
0.9890.261.0990.19** 1.0590.12*8m after u
1.3490.60*** 1.0890.48u 1.3390.60***16
1.0190.10 2.4092.40**u after F 8 2.4892.74**
1.1090.61 1.2690.29***u after m 1.3090.57**8
Improvement ratios, calculated between average sensitivities estimated from two consecutive staircases for three different combinations of staircase
pairs in the early phase of the experiment, indicate the amplitude and speed at which performance advances during training. Averages and
standard deviations for n16 subjects being trained to each of three types of motion stimuli (F-, m-, u-motion), and then switching to one of
the other stimuli (n8). Values are calculated from same data set as plotted in Fig. 2. Significant deviations from unity at the * 20%; ** 10%;
or *** 5% level (student’s t-test).
and speed. The average improvement ratios, with their
standard deviations, are listed in Table 1 for all nine
learning curves. Improvement ratios during the first set
of staircases lie between 1.19 and 1.57 for the first step,
and decrease to a range between 0.98 and 1.08 for the
second step, with ratios of about 1.3 for the complete
interval between staircase pair 1 and 2, and 7 and 8.
For the secondary motion stimuli, the first ratios gener-
ally are slightly higher but have large variations, which
may indicate a rapid initial improvement of perfor-
mance followed by a slower phase. After switching
from one stimulus to the other, the improvement ratios
generally tend to be smaller in the case of F-motion,
indicating some transfer that reduces the amount of
learning. In contrast, u-motion has similar rates of
improvement when used as second and as first stimulus.
This effect would be expected in the absence of transfer
of training effects from other stimuli on this type of
motion. Given the large standard deviations of the
threshold data (cf. Fig. 2), changes of the improvement
ratios between consecutive steps are not significant
although they seem to be particularly large for u-mo-
tion. Thus it cannot be concluded from the present data
set that primary and secondary motion are generally
learned with different speeds of improvement.
In all the learning curves plotted in Fig. 2, a phase of
rapid improvement is followed by a slow increase of
sensitivity. This indicates that part of the perceptual
learning may be very slow and that after 40 staircases
(about 800–1000 trials) performance is still improving.
Therefore, in another set of experiments, four subjects
were trained over an extensive period of time. For
about 3–4 months, they were asked to repeat sets of
staircases on an approximately daily basis. Each session
comprised blocks of three staircases for each stimulus
type, presented in random order. Two of the subjects
(SCZ, MPD) were totally naive to the stimuli, one
(DRP) had considerable experience with psychophysical
experiments involving primary and secondary RDKs
but did not know the particular stimuli used or the
exact purpose of the present experiments, and one was
the author (JMZ). Three of these subjects were re-tested
about half a year after finishing the first 80 sessions in
order to find out whether training success was stable
over time. Since sensitivity was measured in these ex-
periments for all three stimulus types simultaneously,
the specificity of learning could not be tested with a
different stimulus type. Instead, this was done by mea-
suring the sensitivity for horizontal object motion after
sessions 40 and 80. Due to the irregular fluctuations of
the results, this is not a perfect indicator of specific
improvements, but these controls could not be mea-
sured repetitively in case they produced independent
training effects.
The sensitivities—averaged for each stimulus over
the thresholds from the three staircases within a single
session—are plotted individually in Fig. 3 for all four
subjects (F-motion: dark dots, m-motion: light-grey
squares, u-motion: mid-grey triangles). The running
averages across five sessions are shown as continuous
lines and the results from the control measurements
with horizontal object motion are indicated by the large
symbols. The naive subject SCZ (Fig. 3a) shows a very
strong training effect for u-motion, with sensitivity
increasing about 30% noise over the first 40 sessions
and then a slow sensitivity increase of another 5% noise
during the next 40 sessions. This improvement is stimu-
lus specific because motion in the orthogonal direction
(large dark triangles) leads to much smaller noise
thresholds. For F-motion, this subject’s overall perfor-
mance level is much higher and the improvement is less
pronounced, reaching a saturation-like performance in
the second quarter of the experiment. The perception of
m-motion seems intermediate with a slow and slightly
longer increase of performance. For both, F- and m-
motion, the sensitivity for orthogonal motion direction
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Fig. 3. Sensitivity of four subjects (SCZ, MPD, JMZ, DRP, a–d) to the three types of vertically moving objects (F, m, u ; dots, squares, triangles)
in a long-term training experiment. The data points for each experimental block (abscissa) show average coherence thresholds (ordinate, given in
percentage noise) measured with a set of three staircases for each stimulus tested in random order in one session; the lines indicate the running
average over five data points; the large symbols show the sensitivities measured in control blocks with horizontally moving objects. Clear
improvements of performance can be observed for all subjects, but the shapes of the curves vary between stimuli and subjects, as does the final
performance level. The performance achieved after 80 blocks is generally conserved through a break of 6 months.
is considerably lower, indicating that these training
effects are as highly specific as they are for u-motion.
After a break of 6 months, this subject resumed the
experiments at performance levels comparable to those
reached at the end of the first 80 sessions. In the case of
u-motion, there seems to be a further performance
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increase during this second part of the study even
after the subject has completed 8791 stimulus expo-
sures during the initial 80 sessions.
The second naive subject (MPD) shows relatively
high performance levels for both secondary motion
stimuli from the beginning of training. After a rapid
initial improvement of about 10% noise during the
first ten blocks, further improvement was very slow in
both m- and u-motion and was interrupted by a gen-
eral drop in performance in the middle of the experi-
ment (Fig. 3b). This subject shows a stronger and
longer training effect for the direction discrimination
of F-motion, starting below 60% noise and eventually
reaching very high performance levels (clearly above
70% noise, on average). Because the changes of sensi-
tivity produced by this subject are small compared to
irregular fluctuations, the specificity of practise effects
as tested with horizontal motion (large symbols in
Fig. 3) is not as clear in this case as it is for the
other naive subject (cf. Fig. 3a). However, there is a
general trend for MPD to do better for the trained
than for the control stimuli. Unfortunately, this sub-
ject could not be re-tested after a half-year break.
The two lower panels of the figure (Fig. 3c, d)
show the long-term training effects for two well expe-
rienced subjects who had had long experience with
different versions of the same types of stimuli but not
with the specific stimulus configurations used here.
Although these subjects start off from considerably
higher performance levels for the two secondary mo-
tion stimuli (note the different scales in Fig. 3 a, b
and c, d), their sensitivity still increases throughout
the first 40 blocks. The particular shapes of the learn-
ing curves vary between the three stimulus types and
between the two individuals and the only obvious
trend is that performance increases very slowly for
m-motion after a very brief initial period of improve-
ment. Again, the performance levels which are
reached at the end of the first 80 sessions are the
same as the overall performance levels generally
found after the break period of 6 months although,
in contrast to the naive subject SCZ, no further im-
provement can be observed in JMZ, and DRP even
shows a slight drop in performance during the last 20
blocks.
The large data sets of 240 threshold measurements
for each stimulus and for each of the subjects offers
the opportunity to analyse possible changes in sensi-
tivity occurring within a single session during which
three staircases were run in immediate succession for
each stimulus type. In order to derive a quantitative
measure of improvement, the ratio of the noise
threshold from the second (and third) staircase to
that of the first staircase was calculated. This im-
provement ratio is listed in Table 2 for the subject
SCZ who showed the largest training success for the
second staircase compared to the first. The corre-
sponding values for the comparison of the third and
the first staircase are moderately larger and the other
subjects show the same basic pattern of results. This
can be seen from the average values for all four sub-
jects which are also listed in Table 2. Whereas SCZ
shows no clear effects for m-motion, there is a 4–8%
increase of sensitivity between the first two staircases
for F-motion, and a large (60%) increase for u-mo-
tion during the first 20 blocks which falls off to
about 10% during the successive blocks of staircases,
as the subject gains more experience and higher over-
all sensitivity. This trend, and a weak dependency of
the improvement ratio on the performance level
reached by the subject for the corresponding block of
staircases (data not shown), indicate that a part of
the long-term performance gains may be due to the
fact that subjects learn to activate the neural filters
dedicated to a given stimulus more rapidly during the
experiment. As can be seen from the large standard
deviations, these trends are only statistically signifi-
cant in a few cases and for a single condition, but all
four subjects show the same basic pattern of results.
SCZ differs from the others only in the small effects
for m-motion, whereas in the averages both kinds of
secondary motion show the same decrease of the im-
provement ratios throughout the experiment. The im-
provement ratio stays about the same for primary
motion.
Table 2
Blocks 1– Blocks 21– Blocks 61–Blocks 41–
4020 60 80
SCZ: F 1.0511.043 1.063 1.087
90.16190.118 90.18490.149
0.991 1.020 0.971SCZ: m 0.972
90.11590.163 90.13990.127
SCZ: u 1.0931.630 1.047 1.119
90.326 90.31990.30691.283
1.024 1.023Average: F 1.031 1.014
1.066 1.023Average: m 1.019 0.959
1.202Average: u 1.029 1.044 1.009
Improvement ratios within a single test block in the long-term
learning experiment, calculated as sensitivity for the second relative to
that for the first staircase for each of the three types of motion stimuli
(F-, m-, u-motion) tested in parallel.
Data are given for the subject SCZ (together with standard devia-
tions, n20 blocks), and for the averages across all four subjects
who took part in this experiment.
A small improvement of sensitivity within a test block, in particular
for secondary motion stimuli, seems to decrease when subjects gain
experience (and sensitivity) during the experiment.
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4. Conclusions
The experiments presented here demonstrate percep-
tual learning in the processing of RDKs at various time
scales—from very rapid changes of direction discrimi-
nation performance between two successive staircases
to long-term improvements of the sensitivity for a
particular stimulus. The extent and the speed at which
subjects improve by practise seems to vary for the
different stimulus types, generally being larger and
slower for secondary motion, and also reveals consider-
able inter-individual differences. Changes of sensitivity
achieved through long-term practise are conserved over
long periods in which the subjects do not experience the
stimulus and these appear to be specific for a given
motion direction. Furthermore, there is an interesting
pattern of transfer of training success between different
stimulus types: (i) Having experienced secondary mo-
tion, in particular one containing Fourier motion com-
ponents, does help direction discrimination in
subsequently experienced primary motion stimuli; (ii)
on the other hand, having experienced primary motion
does not greatly improve the subsequent perception of
secondary motion; (iii) having experienced one type of
secondary motion turns out to be helpful, to a variable
degree, in perceiving another type of secondary motion.
Any specificity for a particular stimulus can be un-
derstood as evidence that a specific neuronal filter is
responsible for the processing of that information.
Therefore, the observed perceptual learning for motion
perception can be interpreted in a very general sense as
a fine-tuning process for motion detectors attributed to
specific tasks. The transfer of the training success be-
tween secondary motion stimuli suggests that these two
stimuli share a perceptual mechanism. The asymmetric
transfer between secondary and primary motion indi-
cates a more intricate relationship. The fact that prior
experience of primary motion does not improve the
onset sensitivity levels for secondary motion can be
interpreted as evidence that additional mechanisms are
needed for the extraction of secondary motion and
which are not tuned up by primary motion stimuli. The
fact that prior experience of secondary motion stimuli
does improve the sensitivity for primary motion gives
rise to two kinds of speculations. (a) Mechanisms for
primary motion perception could use some filters,
which are also used and influenced by the processing of
secondary motion as well. The difference in the learning
curves for F-motion observed after prior experience of
m-motion and u-motion, respectively, fit this interpreta-
tion, assuming that the motion energy contained in the
dot motion has to be extracted in the first place for
both u-motion and F-motion. (b) Secondary motion
mechanisms could be adequate to detect primary mo-
tion, and by improving the sensitivity for secondary
motion, be it m- or u-motion, the perception of F-mo-
tion would be affected indirectly. In fact, this pattern is
exactly what would be expected from the hierarchical
structures of various motion detector models being
discussed in the context of primary and secondary
motion (Cavanagh & Mather, 1989; Wilson, Ferrera &
Yo, 1992; Zanker, 1995b). Models with nonlinear pre-
processing to detect flicker-defined motion (Lelkens &
Koenderink, 1984; Chubb & Sperling, 1988), and the
two-layer model to detect motion-defined motion
(Zanker, 1993), are inherently sensitive to, or can be
easily modified to be directionally selective to, the
‘trivial’ case of luminance-defined motion. Therefore,
the pattern of results of the experiments presented here
corresponds very closely to the concept of the extrac-
tion of motion information on several levels combined
with a variety of input filters feeding into higher-order
motion detectors (Zanker, 1996).
Is a single neuronal mechanism responsible for the
processing of primary and secondary motion (Ledge-
way & Smith, 1994; Johnston & Clifford, 1995a)? The
observation that perceptual plasticity seems to follow
different time courses for the different types of stimuli
and the incomplete transfer of training effects between
different stimuli suggest that in the human visual sys-
tem things might be more complicated. Different mech-
anisms exist and are apparently tuned to specific
motion stimuli in the perceptual learning paradigm
applied in the present experiments. On the other hand,
these different mechanisms share some processing
stages. Trivially, the early parts of the visual pathway
like the retinal neurones are shared and presumably late
stages like the neurones conveying a decision to the
motor system are also shared as are some filters which
are influenced by the repetitive exposure to motion
stimuli. Thus the choice between a single system or two
separate systems being dedicated to the processing of
primary and secondary motion may fall short of the
complexity of human motion processing, although it
became apparent—consistently with previous mod-
elling—in the present experiments that some specific
neural interactions are dedicated to the extraction of
secondary motion which are not necessary for the de-
tection of primary motion.
The hierarchical processing scheme put forward here,
and the comprehensive connectivity between a variety
of processing modules at different scales suggested to
account for motion defined by many different stimulus
attributes (Zanker, 1996) has its origins in computa-
tional modelling. An earlier proposal by Wilson et al.
(1992) to explain the detection of luminance- and con-
trast-defined motion is more closely related to cortical
physiology. They suggested two parallel pathways for
the processing of primary and secondary motion that
are operating at different spatial scales, the latter in-
cluding a nonlinear operation prior to the extraction of
motion energy. This scheme can easily be adapted for
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the extraction of motion-defined motion by adding a
connection between the two pathways to their model
that feeds the output of their first-order module as
additional input into their second-order module. With
an architecture similar to this, two spatiotemporal
filters would be accessible for differential modification
such as observed in the present perceptual learning
experiments. Training the ‘motion-from-motion’ path-
way would improve the performance for the first-order
filter, whereas training the ‘motion-from-luminance’
pathway could be effective without changing the prop-
erties of the second-order filter. This possibility could
be a starting point to study the neurophysiological basis
of perceptual learning of motion processing. Cortical
neurones sensitive to both primary and secondary mo-
tion stimuli (Albright, 1992; Zhou & Baker, 1993) are
of particular interest in the present context because in
the framework of hierarchical processing they can be
interpreted as the output of the second processing
stage, which can extract a directional signal from pri-
mary and secondary motion stimuli. On the other hand,
the motion detectors dedicated to primary motion can
be expected to be found in cells which exclusively
respond to luminance-defined stimuli. It will be interest-
ing to find out whether these two groups of cells can
change their spatiotemporal receptive fields or other
characteristic features in response to extensive stimula-
tion (Nakayama & Tyler, 1978; Gilbert & Wiesel, 1992;
Vidyasagar, 1996 for instance) and how specific such a
plasticity might be, as far as the type of stimulus is
concerned.
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